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"These numberless inhabitants of the Old and the New World, badly organized on the whole for resisting 
both their numerous enemies and the adverse conditions of climate, would soon have disappeared from 
the surface of the earth were it not for their sociable spirit.”  
 




Hindu Kush Himalayan (HKH) glaciers serve as some of the most sensitive indicators of changes 
in global climate. These glaciers shape the hydrologic dynamics of river systems supplying freshwater to 
over 2 billion people throughout Asia and regulate the geochemistry of sensitive aquatic alpine 
ecosystems. As snowmelt onsets sooner, lasts longer, and snowfields retreat due to increases in global 
temperature, the hydrologic dynamics of catchments draining HKH threaten to change the availability of 
surface freshwater resources for nearly one fifth of the global population, disturb sensitive aquatic habitat, 
and precipitate hazards associated with glacier wasting. Informed planning and decision-making around 
adaption to a changing climate requires operational monitoring of glacier melt dynamics to improve study 
of predicted disturbances to HKH hydrologic systems. This research presents a method for spatially 
resolved alpine glacier melt detection using synthetic aperture radar (SAR) time series. Building on 
research into melt detection from passive microwave scatterometers over large ice sheets, this study 
detects melt characteristics from Sentinel-1 SAR backscatter intensity time series over glacier surfaces 
using a classification threshold based on a decrease in backscatter intensity relative to average values 
across the frozen season. Statistical analysis of the radiometric response to dielectric loss on glaciated area 
within the study region (70,789 km2) shows that cross-polarized melt classification accounts for 24% more 
of glacier surface area than co-polarized observations. Illustrative comparison of melt classification results 
to optical imagery captured near the end of seasonal melt reveals that dual polarized melt measurements 
are concentrated within areas of apparent glacier accumulation yet cross-polarized melt detection occurs 
more homogeneously across glacier surfaces relative to co-polarized observations. The results of this 
study suggest that physical characteristics of the glacier surface may be radiometrically distinct across 
positive and negative zones of glacier mass balance. Improvements to radiometric terrain correction of 
SAR data in complex high mountain terrain would improve the accuracy of temporal thresholding 







 I would like to extend sincere gratitude to Professors Nick Steiner and Kyle McDonald for 
welcoming me to participate in their research as a mentee and valued collaborator in addition to Professor 
Nir Krakauer for his support as a member of my thesis committee. Without their guidance and command 
in the field of radar remote sensing I would not have been able to offer what I hope is a useful contribution 
to the science of monitoring the cryosphere. 
 The Department of Earth and Atmospheric Sciences has become a second home to me. I want to 
thank the students, faculty, and staff that make this department the vibrant, collaborative, and supportive 
academic community where I have come to thrive. 
 This study was supported through the NASA cryosphere program and I would like to thank public 
investment into scientific research for supporting pressing investigations into changes in global hydrology 
occurring parallel to changes in global climate. 

















Table of Contents 
ABSTRACT I 
ACKNOWLEDGEMENTS II 
LIST OF FIGURES IV 
INTRODUCTION 1 
ALPINE GLACIERS, CLIMATE CHANGE, AND MISSING DATA 1 
THE GLACIER MASS BALANCE 2 
MELT MONITORING FROM MICROWAVE REMOTE SENSING 3 
RESEARCH QUESTION 4 
SETTING 4 
DATA 6 
SENTINEL-1 SYNTHETIC APERTURE RADAR 6 
GLOBAL LAND ICE MEASUREMENTS 7 
COMPUTING INFRASTRUCTURE 8 
METHODS 9 
MELT CLASSIFICATION 9 
SEASONAL SEPARABILITY 9 
PROCESSING BY ORBIT CYCLE 12 









List of Figures 
FIGURE 1. MAP OF THE STUDY DOMAIN. ................................................................................................................................ 5 
FIGURE 2. SENTINEL-1 ASCENDING AND DESCENDING SCENE FOOTPRINTS OVER THE STUDY REGION. ....................................... 7 
FIGURE 3. MAP OF GLACIER OUTLINE DATA OVER THE STUDY REGION. ................................................................................... 8 
FIGURE 4. (TOP) LEAST SNOW-COVERED PIXEL MOSAIC FROM LANDSAT 8 FOR THE STUDY YEAR OF 2018 TO HIGHLIGHT BARE 
ICE SURFACES AND AREAS OF PERENNIAL SNOWPACK. (BOTTOM) FALSE COLOR IMAGES OF MEAN WINTER (JAN-FEB) AND 
SUMMER (JULY-AUG) BACKSCATTER INTENSITY OVER A PORTION OF THE TRISHULI BASIN IN NEPAL. ........................... 11 
FIGURE 5. MAPS OF Z-SCORE BASED ESTIMATES OF SEASONAL SEPARABILITY OVER A PORTION OF THE TRISHULI BASIN BY 
POLARIZATION TYPE AND ORBIT DIRECTION. ............................................................................................................... 12 
FIGURE 6. MAP SHOWING AN EXAMPLE OF PROCESSING SENTINEL-1 TIME SERIES BY ORBIT CYCLE. ....................................... 13 
FIGURE 7. TRUE COLOR (RGB) IMAGE ACQUIRED BY SENTINEL-2 ON SEPTEMBER 25, 2018 TO HIGHLIGHT AREAS OF PERENNIAL 
SNOW PACK, BARE ICE, AND DEBRIS COVERED ICE NEAR THE END OF A SUMMER MELT SEASON. .................................... 15 
FIGURE 8. EXAMPLE RESULTS FOR THE 2018 CALENDAR YEAR CORRESPONDING TO THE REGION SHOWN IN FIGURE 7. ............ 16 
FIGURE 9. HISTOGRAMS OF CROSS-POLARIZED MELT AREA RATIO FOR GLACIERS SPANNING MAJOR RIVER BASINS ACROSS THE 
STUDY REGION. ......................................................................................................................................................... 17 
FIGURE 10. HISTOGRAMS OF CO-POLARIZED MELT AREA RATIOS FOR GLACIERS SPANNING MAJOR RIVER BASINS ACROSS THE 
STUDY REGION. ......................................................................................................................................................... 17 
FIGURE 11. (TOP) A MAP OF THE EXAMPLE GLACIER WITH SAMPLING POINTS COLORED BY ELEVATION. (BOTTOM) SENTINEL-1 
DESCENDING BACKSCATTER OVER 1000 POINTS OF ELEVATION ACROSS A GLACIER AT THE BORDER OF THE TRISHULI 
RIVER BASIN. ............................................................................................................................................................. 19 
FIGURE 12. SENTINEL-1 CO-POLARIZED DESCENDING BACKSCATTER TIME SERIES RESULTING FROM TWO DIFFERENT METHODS 




Alpine Glaciers, Climate Change, and Missing Data 
 Changes to global climate driven by the anthropogenic release of geologic carbon are causing the 
recession of most alpine glaciers worldwide [1, 2]. The Hindu Kush Himalaya (HKH) region, known 
colloquially as the “Third Pole,” has the most ice-covered area on earth after the Arctic and Antarctica [3-
5]. In contrast to large ice sheets, alpine glaciers, especially in the HKH region, serve as some of the most 
sensitive indicators within the cryosphere of changes in global climate [6, 7]. Disturbances accompanying 
alpine glacier retreat threaten the habitat of sensitive aquatic ecosystems and the delivery of freshwater 
resources to billions of people [8, 9]. Glacial outburst floods have killed at least 6,300 people in the 
Himalayas alone over the past century [10]. Some species endemic to alpine aquatic ecosystems are 
projected to become extinct as they lose biogeochemical regulation from glaciers upstream [8]. As global 
temperatures rise and perennial snow cover decreases, we are faced with difficult decisions around the 
costs and benefits of adapting to a changing climate [9]. Informed decision-making for climate change 
adaptation requires a knowledge of the state of natural systems and how systems are projected to change 
in the future. 
 In studying projected changes to glacier dynamics, a disagreement exists between model 
predictions due in large part to a lack of in-situ snow and ice monitoring data across glaciated river basins 
[11]. This lack of a convergence on predicted rates of glacier wasting with increased temperatures has 
ushered calls by scientists for improved monitoring of snow and glacier dynamics in the HKH region. 
Improved observational data on alpine glacier melt is thus necessary to help inform broad scale social, 
environmental, and engineering decision-making for resilient adaptation to changes in global climate. Due 
to the complexity of the high-mountain glaciated terrain, the construction and maintenance of an in-situ 
monitoring network is difficult to achieve. However, there are valuable geophysical observations that 
scientists are able to measure from satellite radar to aid in the monitoring and study of glacier wasting in 
the HKH region. This study seeks to build on extensive research into microwave scattering from dry and 
wet snow to work towards a physically-based operational monitor of spatially resolved alpine glacier melt 




The Glacier Mass Balance 
 Glaciers are distinguished by two planform regions of seasonal mass balance known as the ablation 
and accumulation zones. At their surfaces, accumulation zones have a net positive mass balance each year 
due to snowpack that persists throughout the melt season at these high regions of glacier elevation. This 
snowpack partially melts throughout the year, is buried by snow in years following, and undergoes a 
metamorphic process to eventually become glacier ice. This ice flows downstream into a region of the 
glacier known as the ablation zone, where there exists only seasonal snowpack at the surface, not 
perennial. In summer months, the surface of the ablation zone is largely bare or debris covered ice whereas 
the surface of the accumulation zone is most often perennial snow with high optical and microwave 
scattering albedo. The ablation zone as an isolated system is a region of net seasonal mass loss. The size 
of the ablation zone depends on the flow of ice from the accumulation zone and the size of the 
accumulation zone depends on the rate of long-term storage of seasonal snowpack. The area of 
accumulation thus determines the area of ablation for a glacier in steady state [12]. The minimum elevation 
of the accumulation zone is referred to as the equilibrium line altitude (ELA) and delimits the boundary 
between zones. The state of a glacier mass balance can be described by the location of the equilibrium 
line elevation across a glacier outline, as the ratio of the accumulation area to the total glacier area is 
indicative of the rate of change of glacier volume [13]. Accumulation area ratios are a very strong predictor 
of the rate of change of glacier mass and tend to cluster around a value of 0.6 for glaciers in steady state 
and above a certain size [14, 15]. Accordingly, the seasonal ELA on alpine glaciers is one of the most 
sensitive indicators in the cryosphere to changes in climate [16]. 
Stratigraphically and just below the seasonal snow cover, the youngest lenses of alpine glacier 
accumulation zones consist of interlayered ice sheets and material called firn, which is frozen water with 
a crystal structure between snow and ice [17]. Interlayered ice sheets within snow and firn are developed 
through the melting of snow lenses and refreezing into ice. These ice lenses tend to range in thicknesses 
below 1cm and in excess of 25cm [18, 19]. Firn is the second stratigraphic unit between snow cover (the 
youngest) and basal ice (the oldest) and has a density between 0.4 and 0.8 g/cm3 [20]. The density of firn 
is just above the critical density of snow at which scattering of microwave radiation across a broad range 
of frequencies is maximized, which will be discussed further throughout this study [21]. The elevation of 
the lowermost extent of firn at the end of each season is usually equivalent to the equilibrium line altitude 
derived from surface elevations and the terms “firn line” and ELA are used interchangeably in studies of 
glacier mass balance [22]. Tracking of the firn line, or the ELA, through satellite remote sensing has been 
 
 
used to resolve changes to the mass balance regimes of glaciers and ice sheets spanning the global 
cryosphere [23-25]. Since the volume of a glacier is dependent on its surface area, and its surface area is 
dependent on the accumulation area, methods for monitoring of the state of the cryosphere often focus on 
the spatial distribution of glacier facies, or regions of glacier mass balance, and tracking the spatial extent 
of those regions over time [26]. The imperative for monitoring of the zones of glacier mass balance is 
therefore foundational to many aspects of scientific research, water resource management, hazard 
mitigation, and political decision-making for climate change adaptation. Satellite radar, with its ability to 
capture imagery regardless of light conditions and largely unimpeded by weather, has proven a useful tool 
for delineation of zones of glacier mass balance but a study of radar detection of melt characteristics across 
the tens of thousands of glaciers in the HKH regions is missing from the literature today. 
 
Melt Monitoring from Microwave Remote Sensing 
Microwave remote sensing is commonly used to monitor melt patterns across glaciers and ice 
sheets [12, 23, 27-30]. Detection of melt from microwave frequencies depends on the dielectric loss from 
snow covered surfaces due to the introduction of liquid water at the onset of melt [31]. Relative to liquid 
water, dry snow has a high scattering albedo [32]. The presence of liquid water on the snow particle 
surface drives increased absorption of microwave radiation and a drastic decrease in scattering [33-35]. 
Melt detection algorithms have subsequently been developed for decades using a host of passive and active 
microwave sensors spanning the global cryosphere [12, 23, 28, 36-38]. Microwave remote sensing is used 
to monitor snow cover [39], estimate snow wetness [35], and snow water equivalent [40]. Combined 
microwave and optical remote sensing data are applied to operational snow extent and melt detection [41].  
For dry snow, density and grain size both serve as physical drivers to the scattering of microwave 
radiation. Scattering in glacier accumulation zones is understood to be controlled by the snow density and 
near surface firn stratigraphy and not necessarily to surface roughness characteristics [42]. This control 
on scattering from small ice particles observed by is assumed to be due to specular scatter that occurs on 
small ice particles within the snow and firn strata. Almost every algorithm for retrieving melt observations 
from imaging radar relies on detecting a signal of dielectric loss across backscatter intensity time series 
using thresholding or harmonic approaches [43-46]. Both threshold based and wavelet transforms methods 
for melt detection across ice sheets, for example, can capture the onset and duration of seasonal melt at 
daily resolution [47]. In alpine environments, the relatively low spatial resolution of scatterometer data 
limits the monitoring of melt characteristics across glacier facies and zones of mass balance. Synthetic 
 
 
aperture radar (SAR) is increasingly used for spatially resolved mapping of melt characteristics across 
glacier facies. Melt zone classification from SAR imagery commonly relies on static thresholding of 
backscatter intensity values based on field observations across glacier surfaces or model results of 
backscatter intensity from simulated glacier strata [43, 44, 48-51]. The detection of melt from radar 
imagery is most often based on a comparison of images in a time series to an image of a given study site 
when the surface is completely frozen [25, 27, 36, 45, 49, 51, 52]. At C-band radar frequencies (4-8 GHz), 
shallow and dry snow cover is largely invisible to microwave radiation due to the difference in snow 
crystal size relative to the sensor wavelength [21, 53, 54]. As snow depth increases alongside snow density, 
permittivity also increases up to a critical value of roughly one third ice in snow by volume [21]. The 
impetus for this study is to observe whether there is a distinct radiometric response to the onset of seasonal 
melt across zones of glacier mass balance due to differing near surface strata that might motivate research 
into a physically based spaceborne monitor of surface melt across zones of glacier mass balance. 
Research Question 
 This study is motivated by microwave remote sensing applications for mapping melt patterns 
across large ice sheets and seeks to help fill a gap in data that exists for spatially resolved melt 
characteristics across zones of alpine glacier mass balance. We will apply a thresholding approach across 
SAR backscatter intensity time series to study the feasibility of operational monitoring of spatially 
resolved melt detection across zones of glacier mass balance. Where volumetric scattering of C-band radar 
is expected to play a large role across glacier surfaces generally due to deep annual snow cover, this study 
will investigate the differences between melt classification from dual polarized SAR data to observe 
whether characteristics between co- and cross-polarized measurements can be exploited for radiometric 
distinction between melt observations across zones of glacier mass balance. 
Setting 
 The HKH study region (Figure 1) spans 13 million km2, including areas inhabited by 240 million 




Figure 1. Map of the study domain. The Hindu Kush Himalaya region is highlighted in red. 
The HKH region is comprised of 72,628 mapped glaciers covering an area of 70,789 km2 [56]. 
Glaciers in the HKH region have been wasting alongside increases in global average temperatures in all 
regions except one, which is known as the Karakoram anomaly, an area that has largely bucked the trend 
of wasting due most likely to the high elevation of this anomalous zone [57]. The wasting of HKH glaciers 
is thus a spatially and temporally heterogeneous phenomenon [58]. Glaciers of the HKH region are 
difficult to monitor in-situ due to the complexity of these alpine terrain yet operational monitoring is 
necessary for tracking of changes to glaciated area and this general lack of monitoring data has caused 
disagreement among models’ predictions of the retreat of the HKH cryosphere [59].  
 Hazards associated with the retreat of Himalayan glaciers range across temporal scales. People 
residing in the regions just downstream of wasting glaciers are subject to the hazards of violent glacier 
outburst floods (GLOFs), mentioned above (page 1). People depending on the water resources originating 
from the HKH region are exposed to long term changes to water resource dynamics [60]. Monitoring of 
the formation of glacial lakes has proven effective for the successful remediation of potential GLOF 
hazards in other regions and past successes suggest that similar radiometric monitoring of glacier wasting 
will be useful for hazard mitigation in the HKH region [61]. Since GLOF events are associated with glacier 
retreat, the monitoring of glacier extent is important for monitoring the growth of glacier lakes and the 




Sentinel-1 Synthetic Aperture Radar 
 The Sentinel-1 A+B satellites were launched in April of 2014 and 2016 respectively to collect 
polarimetric C-band (5.405 GHz) data with a combined revisit interval of 6 days. Each Sentinel-1 scene 
taken in the interferomertric wide-swath (IW) mode has a width of 250 km and a resolution of 5x20 meters 
in range and azimuth at the equator. This study considered only images taken in the IW mode with 
vertically co-polarized and cross-polarized data. Look angle across each scene varies across the HKH 
region from roughly 30 to 45 degrees off-nadir. Sentinel-1 data for this study were accessed through a 
cloud-computing platform (discussed below) where polarimetric SAR scenes were radiometrically terrain 
corrected to backscatter intensity values in decibels using the European Space Agency’s (ESA) Sentinel 
Application Platform (SNAP) toolbox. Data from both the ascending and descending orbit directions were 
analyzed across the study region for a total consideration of 21,286 individual Sentinel-1 A+B IW scenes 
across 46 unique orbit cycles (Table 1, Figure 2).  
 
Orbit Track 
Number of Images by Year 
Relative Orbit Number 
2017 2018 
Descending 4,424 5,436 
 
107, 121, 122, 135, 136, 150, 151, 164, 165, 4, 
5, 19, 20, 33, 34, 48, 49, 62, 63, 77, 78, 92, 106 
 
Ascending 5,302 6,097 
 
12, 13, 26, 27, 41, 42, 55, 56, 70, 71, 85, 86, 99, 100, 
114, 115, 128, 129, 143, 144, 158, 172, 173 
 




Figure 2. Sentinel-1 ascending and descending scene footprints over the study region. 
Global Land Ice Measurements 
 The Global Land Ice Measurement System (GLIMS) is a research collaboration to monitor the 
cryosphere by outlining glacier extents using high resolution optical imagery [56]. Within the region of 
this study, GLIMS reports a glaciated area of 70,789 km2 made up of 72,628 individual glacier features 
(Figure 3). GLIMS data were largely produced in the years 2014 and 2015, although some earlier data 
was used for this analysis (Figure 3, histogram). Only the most recent outline analyzed for each unique 




Figure 3. Map of GLIMS data over the study region. The histogram in the upper right hand corner shows a histogram for the number of 
GLIMS outline that were analyzed by year. The vast majority of GLIMS outlines were drawn in 2014 and 2015. 
Computing Infrastructure 
 A cloud-computing platform with both Sentinel-1 A+B and GLIMs data was used to processes the 
vast amount of data necessary to conduct this study [63]. Sentinel-1 polarimetric data was radiometrically 
terrain corrected using the ESAs method contained within the Sentinel Application Platform (SNAP) 
toolbox. This method for radiometric terrain correction utilizes the 30m spatial resolution Shuttle Radar 
Topography Mission (SRTM) digital elevation model (DEM). The structure and function of the 
application programming interface (API) available on this cloud-computing platform (Google Earth 
Engine) provided the main analytical constraints which ultimately defined the methods used for this study. 
Although we could process tens of thousands of gigabytes of data in minutes, we could not necessarily 
approach the analysis using the most sophisticated time series approaches for melt classification. Given 
 
 
the limitations of the Earth Engine API, we chose to employ a simple yet physically-based dynamic 
thresholding approach for melt classification across SAR backscatter intensity time series. 
Methods 
Melt Classification 
A multi-temporal threshold-based change detection algorithm of radar backscatter intensity time 
series was developed for this study to classify melt observations. Melt detection was conducted across co- 
and cross-polarized Sentinel-1 ascending and descending orbit track time series and mosaicked into a final 
image based on a statistical score for seasonal separability of backscatter intensity. We conducted a pixel-
based temporal classification comparison of each image in the time series to a dry winter average 
backscatter value calculated across the months of January and February for each study year (2017 and 
2018). Snowmelt at each image acquisition interval (𝑚") was classified using: 
 
(Equation 1) 
𝑚" = 1, 𝑖𝑓	𝜎*" < 𝜎,*- − 𝑏 
𝑚" = 0, 𝑖𝑓	𝜎*" > 𝜎,*- − 𝑏. 
 
 
Where the ground-range detected backscatter intensity at each image acquisition within the time 
series (𝜎*") was compared to 𝜎,*-, the mean dry snow winter backscatter, and 𝑏, a scalar threshold value 
for minimum deviation from the winter mean. Threshold values (𝑏) have been developed across numerous 
studies of melt detection from scatterometer and SAR datasets using both ground-based observations and 
model results of changes to backscatter magnitude across a transition from dry snow to snow with liquid 
water [25, 27, 37, 47]. For the purposes of this study we followed Steiner and Tedesco (2014), and many 
other before them, and set 𝑏 = 3	𝑑𝐵, one of the more conservative threshold values reviewed across the 
literature [23, 25, 38, 46-48].  
 
Seasonal Separability 
A measure of seasonal separability for backscatter intensity across frozen and thawed months was 
developed using a standard scoring of mean summer (July-August) compared to the mean and standard 
deviation of winter backscatter (January-February) values for each study year following Steiner (2019, 
forthcoming). The standard score (z) is calculated across the SAR time series using 
 
 





where the standard deviation of backscatter across the dry season months for each study period, 𝑠(𝜎*-), 
is compared to the mean dry (𝜎,*-)	and wet (𝜎,*:) season backscatter intensity values. The seasonal signal 
is considered statistically separable for the purpose of melt classification if the difference between the dry 
and wet mean seasonal backscatter is greater than two standard deviations from the mean of the dry season 
backscatter (𝑧 > 2), corresponding to values well above the 95% percentile in a Gaussian distribution of 
the dry snow season backscatter intensity. An illustrative example of changes in mean seasonal backscatter 
is shown in Figure 4 using false color Sentinel-1 images of mean seasonal backscatter across orbit cycles. 
An important aspect to point out in Figure4 is that mean seasonal backscatter across mountain peaks in 
the winter months appears nearly saturated in color, indicating that something along the mountain peaks 
has a very bright response to C-band radar backscatter in both polarizations. Areas of apparent perennial 
snowpack appear brighter in the winter season images relative to glacier ice surfaces, which are markedly 
darker features in the winter mean backscatter intensity images in Figure 4. The z-score for seasonal 
separability reveals that regions along mountain peaks show a strong response to changes in mean seasonal 
backscatter in both polarizations but the cross-polarized data exhibit stronger seasonal separability across 
















Figure 4. (Top) Least snow-covered pixel mosaic from Landsat 8 for the study year of 2018 to highlight bare ice surfaces and areas of 
perennial snowpack. (Bottom) False color images of mean winter (Jan-Feb) and summer (July-Aug) backscatter intensity over a portion of 




Figure 5. Maps of z-score based estimates of seasonal separability over a portion of the Trishuli basin by polarization type and orbit 
direction. There is a large difference between the co- and cross-polarized z-scores across glaciated mountain peaks. 
Processing by Orbit Cycle 
 In order to reduce computation costs and avoid the introduction of unnecessary artifacts, melt 
classification was carried out across images acquired along identical orbit tracks and mosaicked into a 
final product at the end of processing. Most studies of radar remote sensing for classification of glacier 
melt area and glacier facies begin with a normalization of radar images by viewing angle in order to apply 
static thresholds for glacier facies classification and melt observations across single images. This study 
considers changes along the temporal axis and, by restricting the classification across images acquired 
within distinct orbit tracks, the angle of incidence is effectively normalized through time. Without this 
approach, overlapping scenes would lead to the introduction of multiple related artifacts. Complications 
that overlap include varying number of unique radiometric observations across image swaths and 
differences in viewing angle across pixel time series. Melt classification was therefore conducted across 
unique orbit cycles and subsequently mosaicked into an image for each orbit direction based on the 
maximum seasonal separability calculated across each orbit cycle. For each year of the study period, melt 
classification by orbit cycle was carried out separately across the ascending and descending paths for each 
 
 
polarization. Annual melt detection data from each ascending and descending orbit direction were 
subsequently mosaicked into a final image using the maximum score for seasonal separability. It is 
important to note that, by omitting normalization of viewing angle, this study did not calculate a local 
incidence angle or mask for terrain occlusion. The largest assumption undertaken through this approach 
is that, by combining melt observations across each orbit cycle and direction using the maximum score 
for seasonal separability, this method can highlight the strongest changes in detected seasonal backscatter 
that are available in the entire data archive. Following rather extensive visual inspection of backscatter 
time series across identical points on ascending and descending track observations, the approach appeared 
logical for choosing the highest quality observations while also not exhausting computational resources 
with look angle normalization. Processing by orbit cycle for each orbit direction thus avoided the 
introduction of artifacts related to image swath overlap or variations in viewing angle across individual 
scenes.  
  
Figure 6. Map showing an example of processing Sentinel-1 time series by orbit cycle. Each image time series was processed along distinct 
orbit tracks for each orbit direction before being mosaicked into a final product of annual melt observations. 
 
 
Melt Area Ratio 
To observe trends in the radiometric response of glacier surfaces to this melt classification 
algorithm, a relational quantity was used to compare SAR detected melt area to the total area of each 
glacier reported in GLIMS. After classifying melt area in space and time - including onset, offset, and 
total number of melt observations for each study year - a melt area ratio (MAR) was used to look at the 
normalized response of glaciers across the study region to this approach for melt classification using 
Equation 3: 




The area of melt detected on each glacier surface from this study (𝐴@) is divided by the total surface area 
of each glacier reported in GLIMS (𝐴A). Conceptually, the MAR represents that portion of glacier surface 
which shows a radiometric signal characteristic of dielectric loss due to snowmelt onset sufficient for melt 
to be classified across a pixel time series. 
Results 
Melt was detected across 59% of glaciers (49,148) in the co-polarized state and 48% (43,148) in 
the cross-polarized state. Melt duration appears to be most detectable and greatest in the regions of glacier 
accumulation, where cross-polarized observations occur more homogeneously across glacier surfaces than 
co-polarized melt classification. Melt onset, offset, and total number of melt observations appear to be 
more homogeneously detectable in zones of glacier accumulation using both the co- (VV) and cross-
polarized (VH) data (Figure 8). Whereas cross-polarized melt characterization appears to be more 
responsive compared to co-polarized observations across glaciers generally, melt classification using co-
polarized data appears to have strong and distinct clustering in the regions of glaciers with perennial snow 
cover relative to surfaces that oscillate between ice and snow cover (Figures 7 and 8). Statistics across the 
study domain show a response to dielectric loss across more of the glacier surfaces from cross-polarized 
data relative to co-polarized. Where melt was detected for each polarization state across the study region, 
64% of glacier surfaces area is accounted for using the cross-polarized data and 49% of glacier surface 
area responded to this radiometric melt classification approach in the co-polarized state. In total and where 
melt detection did occur, cross-polarized observations detected melt across 24% more of glacier surface 
area relative to co-polarized observations. Statistics for melt area detection across glaciers for each major 




Figure 7. True color (RGB) image acquired by Sentinel-2 on September 25, 2018 to highlight the areas of perennial snow pack, bare ice, 
and debris covered ice near the end of a summer melt season. Glaciers in the lower left hand corner of the image are largely debris 
covered but have clean perennial snow pack persistent at higher elevations. 
 
 
Figure 8. Example results for the 2018 calendar year corresponding to the region shown in Figure 7. Total melt observations (top) are 
reported as the number of images in each time series classified as melt at each pixel. The onset of melt (middle) is reported as the day of 
year that melt was first detected. The onset of freeze (bottom) is similarly shown across a color gradient representing day of year of freeze 
onset. Notice how both polarizations respond to the areas of apparent glacier accumulation, corresponding to the regions of deep 
perennial snowpack in Figure 7 whereas only the cross-polarized data is classified as melt more uniformly across the glacier surfaces. 




Figure 9. Histograms of cross-polarized melt area ratio for major river basins across the study region. This figure illustrates a tendency 
toward log-normal distribution of cross-polarized melt observations across glaciers in the study region. 
 
Figure 10. Histograms of co-polarized melt area ratios for glaciers spanning major river basins across the study region. Melt area 




Melt classification across co- and cross-polarized data reveals an important distinction occurring 
across glacier surfaces. We observe in these results a strong clustering of co-polarized melt classifications 
within areas of perennial snow cover at the upper elevations of glaciers whereas cross-polarized melt 
observations are detected more uniformly across the glacier surface. Although we cannot say for certain, 
we interpret the response from co-polarized melt detection to a strong contribution from surface scattering 
observed in areas of perennial snow cover on glacier surfaces. Melt classification from cross-polarized 
data is interpreted as a contribution from volume scattering from deep annual snowpack more generally 
occurring across the glacier surface. The observations in the difference between melt detection across 
glacier surfaces suggests that there are distinct radiometric characteristics of the area of glacier 
accumulation because it shows concentrated melt detection across dual polarizations, whereas melt 
classification in the cross-polarization occurs more generally across the glacier surface. Radar backscatter 
is understood to increase in magnitude with snow ice content up to a critical volumetric ratio, where 
scattering albedo then begins to decrease, as mentioned above (page 9). To illustrate trends across time 
and elevation for a glacier surface we sampled backscatter intensity values across 1,000 points on one 
glacier. A clear increase in seasonal backscatter intensity occurs alongside an increase in elevation across 
this sample glacier (Figure 11). This larger magnitude in backscatter intensity at higher elevations within 
the glacier is most likely due to greater snow density, firn, and ice lenses within the dry snow matrix 
providing surfaces for specular scattering. Specular scattering on ice particles in the dry snow matrix 
formed during the metamorphosis of snow is hypothesized to be one of the dominant mechanisms 
contributing to observed increases in backscatter intensity and subsequent melt detection at higher 
elevations across glaciated areas. Melt detectability is assumed to be greatest across accumulation areas 
because the seasonal dielectric loss occurs from a point of high intensity C-band backscatter and provides 






Figure 11. (Top) A map of the example glacier with sampling points colored by elevation. (Bottom) Sentinel-1 descending backscatter over 
1000 points of elevation across a glacier at the border of the Trishuli river basin. 
Within the Hindu Kush Himalaya region, backscatter variations from dual polarized C-band radar data 
have been used to classify glacier facies but these criteria lack an explanation for the physical distinction 












statistical clustering [49]. Recent and similar literature on radar remote sensing of glacier melt 
characteristics specifically using Sentinel-1 employs differences in backscatter magnitude across single 
polarized individual scenes to classify glacier facies using static thresholds [51, 64]. Successful monitoring 
of the end of summer snow line (EOSS) by Heilig, et. al [51] based on field observations illustrated the 
feasibility in tracking the extent of perennial snow cover across glacier surfaces using SAR time series; 
however the study also did not seek to determine the physical basis for the radiometric distinction, 
although it showed that air content within firn served to increase backscatter intensity. Whereas 
backscatter thresholding values for classification of glacier facies across single images has proven useful 
in recent studies, the site-specific empirical nature of each classification approach might limit the accuracy 
of melt detection across complex and heterogeneous glaciated terrain characteristic of the HKH region. 
Establishment of the physical basis for differences in dual polarized backscatter response is necessary to 
fully distinguish between glacier zones, which is why this study does not attempt to classify glacier zones 
and instead highlights the important distinctions observed through melt classification using dual polarized 
radar time series. Nonetheless, observations of differences between melt classifications in what appears 
to be distinct zones of glacier accumulation and ablation are promising for the investigation of a physical 
basis for the radiometric distinction between zones of glacier mass balance from dual polarized SAR time 
series.  
Melt classification based on temporal observations of dielectric loss occurring due to a transition from 
dry to wet snow is a robust and physically-based approach to snowmelt detection across glacier surfaces. 
The temporal thresholding approach employed in this study to classify melt observations is physically 
based on the response to dielectric loss occurring from a transition from dry to wet snow and results can 
confidently be interpreted as melt observations. However, the quality of data used in this study might limit 
the ability to detect melt homogeneously across zones of glacier mass balance due to a significant amount 
of noise introduced in the process of radiometric terrain correction (RTC). RTC is the method by which 
polarimetric SAR data is corrected for terrain distortions and transformed into ground range detected 
images of decibel backscatter magnitude. A visual comparison of two radiometric terrain corrections is 
illustrated through a time series of backscatter values in the co-polarized band of Sentinel-1 descending 
data at one pixel within the study domain (Figure 12). This comparison shows that the RTC developed by 
the European Space Agency (ESA) using the SNAP toolbox results in far noisier data than the RTC 
method used by the Alaska Satellite Facility (ASF). The most notable difference between the two RTC 
methods is a difference in elevation models used to solve for terrain-related radiometric distortion. The 
 
 
ASF RTC uses a 7m resolution DEM developed over the Himalayas that produces backscatter intensity 
data with much less apparent noise than the ESA RTC, which uses the 30m resolution Shuttle Radar 
Topography Mission DEM. Higher quality data produced through more precise radiometric terrain 
correction would thus result in a more accurate melt characterization across glacier surfaces within the 




Figure 12. Sentinel-1 co-polarized descending backscatter time series resulting from two different methods for radiometric terrain 
corrections, one using a 7m DEM (Alaska Satellite Facility) and one using the USGS 30m SRTM DEM (European Space Agency/Google 
Earth Engine). 
Conclusion 
 Monitoring of glacier melt characteristics is imperative to inform decision-making for adaptation 
to a changing climate. A temporal response of dielectric loss observed through dual polarized time series 




for roughly two thirds of the glaciers in the HKH region across the calendar years of 2017 and 2018. Melt 
on glacier surfaces is detected more homogeneously using cross-polarized SAR data. Co-polarized melt 
detection is less spatially expansive across glacier surfaces but is observed to be well constrained to areas 
of perennial snow cover most likely corresponding to the extent of glacier accumulation zones. Both 
polarization states appear to respond well to melt classification at high elevations across glaciers due to a 
larger seasonal oscillation in backscatter intensity driven by high scattering albedo from snow density, 
grain size, and ice particles that likely contribute to specular scattering. Accumulation area strata likely 
contribute to stronger backscatter intensity relative to snow on ablation zones because the backscatter 
intensity across glacier ablation zones is generally of lower magnitude than accumulation zones due to the 
absence of dense perennial snow, firn, and ice particles within a snow and firn matrix. Dual polarized 
SAR times series melt classification for radiometric distinction between zones of glacier ablation and 
accumulation is plausible through further investigation into the physical characteristics of microwave 
scattering mechanisms across glacier accumulation and ablation zones. Conducting radiometric terrain 
correction with higher resolution digital elevation models would result in less noisy backscatter intensity 
time series and more accurate detection of melt observations. 
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